Obesity represents a strong risk factor for developing chronic diseases. Strategies for disease prevention often promote lifestyle changes encouraging participation in physical activity. However, determining what amount of physical activity is necessary for achieving specific health benefits has been hampered by the lack of accurate instruments for monitoring physical activity and the related physiological outcomes. This review aims at presenting recent advances in activity-monitoring technology and their application to support interventions for health promotion. Activity monitors have evolved from step counters and measuring devices of physical activity duration and intensity to more advanced systems providing quantitative and qualitative information on the individuals' activity behavior. Correspondingly, methods to predict activity-related energy expenditure using bodily acceleration and subjects characteristics have advanced from linear regression to innovative algorithms capable of determining physical activity types and the related metabolic costs. These novel techniques can monitor modes of sedentary behavior as well as the engagement in specific activity types that helps to evaluate the effectiveness of lifestyle interventions. In conclusion, advances in activity monitoring have the potential to support the design of response-dependent physical activity recommendations that are needed to generate effective and personalized lifestyle interventions for health promotion.
Introduction
The prevalence of obesity in the US is 32% among adult men and 37% among adult women, and even if this prevalence in the US seems unlikely to increase at the same rate as over the past 10 years, it is rising in countries throughout the world, reaching 20-30% in some European countries and 70% in Polynesia. 1 Obesity represents a strong risk factor for developing diseases, such as diabetes, cardiovascular diseases, hypertension and cancer; this is one of the reasons why obesity is considered one of the most serious public health challenges. 2 Strategies for disease prevention and health promotion often include guidelines on lifestyle changes that encourage participation in physical activity. 3 Physical activity can be defined as any voluntary body movement generated by the contraction of skeletal muscles resulting in energy expenditure. 4 As early as in the Hellenistic period, about five centuries before Christ, when epidemiological research and statistical methods did not exist, the Greek physician and philosopher Hippocrates recognized the link between regular physical activity and health. 5 He stated that the right amount of physical activity and exercise is the 'safest way to health'. Nowadays, the crucial role of a physically active lifestyle for maintaining and improving physical, physiological, and psychological health is recognized internationally. 3 Regular participation in physical activity is associated with numerous health benefits essential for reducing the risk of chronic diseases and adverse health conditions, such as type 2 diabetes, 6 cardiovascular diseases, 7, 8 osteoporosis, 9 and breast and colon cancer. 10 Furthermore, physical activity results in energy expenditure, which plays a fundamental role in the regulation of body weight and the development of obesity.
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Increasing physical activity in obese individuals is problematic because of the high metabolic costs that have to be sustained. Indeed, obese individuals are normally less physically active 12 and spend more time sitting than age-matched lean controls, 13, 14 but the energy expenditure for physical activity on a daily basis is not significantly different. [15] [16] [17] The reason is that the metabolic costs of many activities, such as weight-bearing activities like walking 18 and light-intensity activities, 19 are proportional to body weight. Thus, obese subjects utilize significantly more energy than lean ones in performing the same physical task. This indicates that increasing physical activity in obese subjects is challenging because of the higher activity intensity and high rates of energy expended due to the excess body weight. In this context, objective and accurate measurements of physical activity and of the related physiological responses are urgently needed to make it possible to design successful and tailored intervention strategies for increasing physical activity and to establish what dose of physical activity is necessary for obtaining a specific health benefit. [20] [21] [22] Although the concept of 'the more the better' has been embraced by current public health guidelines on physical activity, many individuals not likely to participate in physical activity might gain health benefits simply by following more effective and personalized activity recommendations. This would certainly help us to beat the global challenge of reversing the epidemic spread of adverse health conditions. Reviewed here are the recent methodological advances of physical activity monitors for quantifying physical activity and predicting energy expenditure in relation to their use in clinical practice to support lifestyle interventions for health promotion. This review is organized in the following parts: first, a brief introduction of the available methods to measure physical activity is given; second, pedometers and accelerometers, measuring systems of physical activity, are described. The characteristics of the first generation of accelerometers are presented as well as the latest developments in acceleration sensors' technology. Third, accelerometer-based physical activity recognition is introduced as innovative data analysis approach to improve measurements of physical activity. Subsequently, the estimation of energy expenditure with accelerometers is reviewed by describing the latest attempts for reducing estimation errors. In conclusion, advances in accelerometer sensors and data analysis are presented as tools to support the design of physical activity recommendations optimized to the desired health outcome.
How to measure physical activity
Physical activity is a multi-dimensional behavior characterized by several aspects, such as duration, intensity, frequency and type. A variety of methodologies has been developed to measure physical activity in the field and to analyze the relationship between physical activity and health outcomes. 20 These can be divided into subjective and objective methods. The subjective methods include direct observations, diaries, activity logs, recall and questionnaires. These are very popular methods for quantifying physical activity in large-scale studies because of their relatively low cost and ability to contextualize the purpose of physical activity. 20, 23 However, subjective methods often provide a biased assessment of physical activity and cannot explore the diverse quantitative aspects of physical activity. Objective methods measure physiological outcomes, like metabolic cost, heart rate and body temperature, 20, 24 or biomechanical effects, like acceleration and displacement, associated with physical activity. 20, [24] [25] [26] They generally provide a reliable assessment of physical activity; 27 however, because of the need for expensive tools, they have limited applicability in large studies.
Ideally, physical activity should be measured with objective techniques in free-living conditions, for a period of time representative of the habitual activity level, with minimal discomfort for the user, and with inexpensive systems. Pedometers and accelerometers reasonably satisfy these requirements, and therefore have been widely used in field research and clinical trials for the assessment of physical activity. 23, 25, 26 Pedometers Pedometers are activity monitors capable of quantifying physical activity by detecting and counting the steps taken during ambulatory activities. These measuring tools of physical activity are highly unobtrusive, relatively inexpensive and can operate for long periods, but the major advantage is the fact that users can easily interpret pedometer output to receive feedback on their own physical activity. These are some of the reasons why pedometers have been endorsed by national programs to improve physical activity for health promotion. Indeed, pedometers significantly increase the motivation of individuals to achieve targets during lifestyle interventions and as such they can help them reach a higher activity level. 28, 29 Previous studies showed the positive effect of pedometer use on key health outcomes. 28 Furthermore, monitoring ambulatory activities is important because walking is a popular leisure-time activity that is difficult to recall using subjective methods like questionnaires or diaries. 30 Today, dozens of pedometers are commercially available and the vast majority are equipped with a mechanical switch (spring-levered pendulum) or an inertial sensor to measure the amplitude of body movement and detect steps by using proprietary systems ranging from hardware counters to software algorithms for signal processing and step detection. 31 Many studies have been conducted to test the accuracy of pedometers for measuring steps and predicting activity energy expenditure. Under laboratory conditions the step count error (50-90%) of spring-levered pedometers was high at slow walking speeds (below 4.5 km h subjects, who also have a tendency to ambulate at slower speeds. 31, 33 Inertial and spring-levered pedometers have distinctive characteristics that produce a different degree of accuracy. A study by Crouter et al. 31 showed that an inertial pedometer based on a piezoelectric sensor, a system capable of measuring the variation of the applied acceleration forces during movement, was insensitive to subject characteristics and tilt angle. However, the step count error (7%) was still significant at slow walking speed (3.2 km h
À1
). Indicatively, inertial pedometers should be preferred to spring-levered ones for measuring physical activity in overweight and obese subjects; however, their cost can be 10 times higher.
Intrinsic disadvantages of using pedometers to measure physical activity are the insensitivity to non-ambulatory activities and the fact that most of the available pedometers do not provide accurate information on the metabolic cost of physical activity. Only a few studies have shown an association between pedometer output and activity energy expenditure. Laboratory trials showed that step count was associated with walking energy expenditure as measured using indirect calorimetry (R 2 around 60%). 34 On the other hand, free-living trials showed a general disagreement between pedometer output and doubly-labeled water measures of energy expenditure in both normal and overweight subjects. 26, 34, 35 However, in elderly and certain patient populations in which walking represents the major type of activity engaged in, a pedometer step count could explain 36-37% of the variability in free-living activity energy expenditure. This means that estimates of energy expenditure based on step count are imprecise on the group and individual levels, especially as the additive role of body weight and subjects' characteristics in explaining the variation in ambulatory metabolic requirements has not yet been clarified. Although pedometers are affordable tools for motivating people to be more active, their poor accuracy in detecting steps at slow speed and their unreliable estimation of energy expenditure could generate counterproductive effects and result in frustration and low compliance with an intervention program. 33, 36 In recent years, step-counting applications have been developed for advanced mobile phones with embedded inertial sensors and global positioning systems. 37 These instruments, although still expensive, might offer interesting scenarios for future campaigns for health promotion as pedometer software applications may reach a high degree of accuracy given the rich sensorial and contextual resources available through mobile phones, whose market penetration is rapidly growing.
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Accelerometers Accelerometry-based activity monitors, often called accelerometers, are portable sensor systems able to quantify physical activity by measuring the acceleration of the human body during movement. Accurate and unobtrusive measurements of physical activity are achieved only when the accelerometer has certain physical and technical characteristics in terms of dimensions, weight, and amount of information processed and recorded. Unlike pedometers, accelerometers are sensitive to any activity type engaged in during the day. Consequently, accurate measurements of physical activity can be achieved when the acceleration is collected at a frequency sufficient to ensure that any human motion is captured. The variability of the acceleration of the body during physical activity differs according to the measurement location. At the waist level, 95% of the variability can be determined by frequencies within 10 Hz 25,39 and the amplitude does not exceed 6 G in
). 25 This indicates that an accelerometer should record the body acceleration at a proper frequency, and it should be able to process the information to reduce noise and retain characteristics of the acceleration pattern so as to describe properly physical activity intensity, duration and type. This requires complex and frequent operations computed by the activity monitor, which shortens battery life. Unobtrusive monitoring is achieved when the accelerometer does not interfere with the subject's normal behavior. Small dimensions, lightweight, single-site placement and long operational lifetime are crucially important for unobtrusive monitoring. However, small, lightweight devices usually have a short battery life because the amount of energy that the battery can provide is directly proportional to its volume and weight. 40 The operational lifetime can be defined as the minimum between the battery life and the time to fill up the device's memory. Ideally, unobtrusive accelerometers should support an operational lifetime of a few weeks or months, to improve users' familiarity with the measuring system and reduce interference with the normal behavior.
Piezoelectric accelerometers
The first generation of accelerometers consisted of piezoelectric acceleration sensors, with dimensions ranging from 7 to 120 cm 3 , weight 17-50 g and the ability to measure physical activity continuously for 9-45 days, depending on the accelerometer. 41 Examples of the most commonly used activity monitors are the Actigraph (Actigraph, Pensacola, FL, USA), the RT3 (StayHealthy, Monrovia, CA, USA), the Actical (Philips Respironics, Chichester, UK), and the Tracmor (Philips Research, Eindhoven, The Netherlands). These accelerometers were relatively small and lightweight, and their long operational lifetime was often accomplished by limiting the amount of information on body movement collected. Physical activity was assessed by determining activity counts, which represented a summary of the body acceleration pattern measured in a time interval of usually 1 min (Figure 1 ). 25 The daily profile and the amplitude of the measured activity counts are used to quantify the duration, frequency and intensity of physical activity. The disadvantage of using activity counts as output from the accelerometer is that the calculation process diminishes the detail of the collected information, and this reduces the ability to determine the physical activity pattern and the types of activity performed. Additionally, accelerometers equipped with piezoelectric sensors do not allow the detection of orientation of body parts or of static activities, as they can only detect variation in the acceleration of the body caused by movement. 41 Piezoresistive and capacitive accelerometers Advances in sensor technology over the past 15 years have resulted in the advent of piezoresistive and capacitive inertial sensors and the development of miniaturized accelerometers. 42 This second generation of activity monitors enabled physical activity measures to be developed because of their ability to detect posture and allocation. The first generation of piezoelectric accelerometers only recorded changes in the acceleration of the body caused by movement in order to quantify physical activity. 41 Piezoresistive and capacitive accelerometers that are sensitive to both static and variable acceleration forces acting on the body have been used not solely for quantifying dynamic activities (for example, walking, running, cycling, exercising) but also for characterizing the sedentary portion of the day by distinguishing between sitting, standing and lying down. Indeed, the detection of gravity acceleration, which is a static force pulling constantly on the body, allowed the assessment of the inclination of the body from the vertical and consequently the identification of postures. Unlike piezoelectric sensors, piezoresistive and capacitive sensors are 'passive components', which means that they require an external power source to measure body acceleration. For this reason, a critical aspect of portable accelerometers based on piezoresistive or capacitive technology is the operational lifetime, as the battery life is reduced by the sensor's energy demand. As compared with the first generation of accelerometers, some of the more advanced piezoresistive or capacitive accelerometers have increased data processing and storage capacity and provide rich information about physical activity, such as the daily engagement in different activity types. These accelerometers can directly execute complex calculations using software applications for physical activity recognition ( Figure 2) . Furthermore, the activity pattern can be analyzed with more detailed temporal information, which can reach fractions of a second, unlike piezoelectric accelerometers, which usually measure physical activity on a minuteby-minute basis.
The most widely studied of these activity monitors are the Tracmor D (Philips New Wellness Solutions, Lifestyle Incubator, Amsterdam, The Netherlands), the MiniMod (McRoberts, The Hague, The Netherlands), the latest version of the Actigraph (Model GT3X; Actigraph). Besides these commercially available accelerometers, other activity monitors made up by multiple units have been presented in the literature: the Intelligent Device for Energy Expenditure and physical Activity (IDEEA), 43 
Physical activity recognition
An objective and automatic method for assessing physical activity types in free-living conditions remained unavailable for many years because of the lack of accelerometers capable of measuring sufficiently detailed information regarding body acceleration. Recent advances in activity-monitoring Activity monitoring and health AG Bonomi and KR Westerterp technology, and the introduction of piezoresistive and capacitive accelerometers have been followed by the development of physical activity recognition methods entailing the automated detection of physical activity types by a pattern classification system. 48 A simple example of an activity recognition method based on a pattern classification system is represented by an accelerometer used for detecting steps. When the body acceleration exceeds a certain threshold, the system identifies that a step has been taken. The threshold value can be determined using automatic techniques to analyse the typical characteristics of the acceleration pattern during walking. This is the working principle of many inertial pedometers, and their complexity can grow to advanced classification systems capable of recognizing several activity types using accelerometers.
Activity recognition using multiple or single-site accelerometers
So far, almost all studies of physical activity recognition differed by the type and number of activities identified and by the location, type and number of accelerometers used (Table 1) . Studies based on several accelerometers showed very high classification accuracy for the detection of postures and different types of ambulatory and cycling activities. 45 Zhang et al. 43 showed that the IDEEA, an activity monitor made up of five accelerometers, had a classification accuracy of more than 98% for recognizing 32 types of activity and posture using an artificial neural network algorithm. Bussman et al. [49] [50] [51] [52] reported that the activity monitor developed by their research laboratory, consisting of four accelerometers placed in different body locations, had an agreement rate of 89-90% with video observation in detecting a series of nine dynamic movements and different types of posture. Despite the obvious advantage for physical activity recognition provided by the use of multiple accelerometers to measure the movement of different body parts, there are practical limitations on the number and location of accelerometers that a subject can tolerate. For this reason, activity recognition schemes have been developed based on a single accelerometer, but the classification accuracy achieved was often poorer and the number of activity categories identified was smaller than that reported in studies using distributed systems (Table 1 ). Table 1 clearly shows a trade-off between the number of activity types and the number of accelerometers required for identification. Generic activity categories are classified with a relatively small number of accelerometers. Pober et al. 53 reported an accuracy of 81% for identifying walking and certain lifestyle activities, like vacuum cleaning and working on a computer, Activity monitoring and health AG Bonomi and KR Westerterp by using an Actigraph accelerometer (Actigraph). We showed that identifying three different postures, that is, lying, sitting and standing, and three types of locomotion movements, that is, walking, running and cycling, was accurately achieved using a single accelerometer positioned at the waist. 54 However, standing was often confused with sitting and for this reason in later studies 55 58 Nevertheless, the level of accuracy achieved for posture classification using multiple motion sensors is difficult to attain with a single accelerometer placed around the waist.
Validating activity recognition methods
The validation of an activity type classification method requires testing the reproducibility of the recognition performance in free-living conditions and in subject populations different from the one used for training. Indeed, measuring physical activity in daily life may introduce unexpected variability in the acceleration signal, which leads to poor reproducibility of laboratory classification accuracy. Furthermore, classification errors arise because of between-subject variability in accelerometer output for the same activity. Ideally, a successful classification system should overcome these factors and, with data from a range of previous subjects, allow the accurate identification of activity types from an unseen individual in daily life. Testing the classification accuracy has often been based on crossvalidation strategies using a training dataset. Only a few studies validated the recognition performance with data from unseen individuals and in free-living conditions, for example, by using video observations as a reference measure of activity types (Table 1) . We showed the classification performance of a decision tree recognition model, as tested on a population of subjects not used for training purposes, to have an average accuracy of 92%, with activity specific accuracies from 81-100%. 55, 59 Validation in free-living conditions was also performed by comparing the classification outcome of the decision tree with a 'reference truth' represented by the output of the IDEEA activity monitor in combination with a diary for self-reporting of cycling events, in a population of 16 subjects. The participants in this trial were instructed to wear the Tracmor (Philips Research) and the IDEEA activity monitor simultaneously over intervals of 13 h, from 9 a.m. until 10 p.m., in free-living conditions. The IDEEA was chosen as a reference based on the capacity to identify 32 different activity types with a nearly 100% classification accuracy. 43 There was no significant difference between the Tracmor (Philips Research) assessed duration of the activity types and the reference truth (Figure 3) , suggesting that the presented method was valid for identifying activities in freeliving conditions and the classification rules applied for unseen individuals.
Activity energy expenditure estimation using accelerometers
Assessment of activity energy expenditure (AEE) allows to define a dose-effect relationship between physical activity and a physiological response. On a subjective level, the acceleration of the body is theoretically proportional to the muscular forces responsible for movement and, thus, to energy expenditure. Based on this principle, accelerometers have been tested against indirect calorimetry to determine whether measurements of physical activity duration and intensity, namely activity counts scored over time together with subjects' characteristics, can reliably estimate energy expenditure. Several studies have focused on the use of multiple-linear regression techniques to predict AEE from activity counts and parameters descriptive of body size, like weight, height, body mass index or body composition. Many accelerometers have been tested under laboratory conditions during standardized activities using a portable or wholeroom indirect calorimeter to measure energy expenditure. The AEE estimation accuracy varied according to the device and the test conditions. The correlation coefficient between activity counts measured with the Actigraph and the metabolic cost of walking was between 59-86%. 60 Bouten et al. 61 reported that Tracmor (Philips Research) activity counts can predict energy expenditure during walking with an accuracy of 95%. However, during sedentary activities the accuracy dropped to 67%. Laboratory tests have shown that prediction equations developed during ambulatory activities were not adequate to describe the relationship between activity counts and the metabolic cost of sedentary and lifestyle-related activities. 62, 63 Considering that accelerometers should be able to describe the energy cost of any type of activity performed in daily life, validations in free-living conditions have also been done by comparing measurements of activity counts to doubly-labeled water. Recent reviews 26, 35 reported that not all accelerometers can accurately estimate AEE in free-living conditions, and subjects' characteristics are often the only significant contributors to the explained variance in AEE of the prediction models. The Tracmor accelerometer (Philips Research) was found to provide an accurate estimate of energy expenditure in both laboratory and free-living conditions, as the measured activity counts significantly contributed to the explained variance in AEE. 64, 65 A more recent version of this accelerometer, the DirectLife tri-axial accelerometer for movement registration (Tracmor D; Philips New Wellness Solutions, Lifestyle Incubator), showed similar prediction accuracy of energy expenditure in free-living conditions. 66 The activity counts measured with Tracmor D (Philips New Wellness Solutions, Lifestyle Incubator) added 23% to the explained variation in AEE after adjustment for subject characteristics, and the prediction model had a standard error of estimation of 0.9 MJ day À1 .
Although significant estimations of AEE have been shown with an accelerometer, there are pragmatic limitations to the use of activity counts to estimate energy expenditure. Some of these are: the fact that the relationship between energy expenditure and activity counts varies according to the activity type, 60 and the fact that activity counts do not reflect external work performed during physical activity, such as walking on slopes or carrying loads. 25, 61 Additionally, missing data and lack of information about fatigue and physical fitness level may reduce the estimation accuracy of energy expenditure using accelerometers.
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Figure 3 developed an artificial neural network to process the raw acceleration signal measured during a 24-h stay in a respiration chamber to improve energy expenditure estimations.
Combining accelerometers with physiological measurements, such as heart rate [69] [70] [71] [72] [73] or body temperature and galvanic skin response 74 has also been attempted for reducing AEE estimation error. However, validation of these methods in free-living conditions, using doubly-labeled water as a reference measure, is limited. Assah et al. 75 showed that measuring heart rate and acceleration allows accurate estimation of AEE in free-living conditions. The mean absolute error of the AEE prediction model was 29 kJ kg À1 day À1 or 2.0 MJ day À1 for a 70-kg subject. Zhakeri et al. 73 presented a method for predicting 24-h energy expenditure in a respiration chamber using data on body acceleration, heart rate and subject characteristics, and the root mean squared error was 0.7 MJ day
À1
. Johannsen et al. 74 showed that the Armband multi-sensor system (BodyMedia, Pittsburgh, PA, USA) could be used to accurately estimate energy expenditure in free-living conditions. The information on skin temperature, galvanic-skin response and acceleration collected by the Armband (BodyMedia), together with subject characteristics, permitted predictions of total energy expenditure (TEE) with a mean absolute error of 0.9 MJ day
. However, the algorithm used by the Armband (BodyMedia) to predict TEE is unpublished and this hampers the understanding of whether physiological measurements and body acceleration additively and significantly contribute to the TEE estimation.
Physical activity recognition and energy expenditure estimation
Physical activity recognition significantly improves the estimation of energy expenditure by disentangling the issue of the non-uniqueness of the relationship between activity counts and energy expenditure for different activity types, which is imputed to reduce energy expenditure estimation accuracy. 59 The method proposed in a previous study 59 reduced the AEE root mean squared error by 0.15 MJ day
À1
, and objective assessment of activity type intensity could even further improve the AEE prediction accuracy achieved by physical activity recognition.
Physical activity recognition has the potential to transform measurement methodologies of physical activity based on accelerometers. Indeed, the outcome of an activity recognition method is directly comparable to any other, upon selection of similar activity categories. This represents a novelty in the field, as accelerometer output is variable among different monitors because of dissimilar sensor type and specifications, that is, dynamic range, sensitivity, sampling frequency, wearing position, filtering and integration epoch for the calculation of activity counts. Standardizing accelerometer output helps developing generic prediction models of energy expenditure. For example, the prediction models of TEE and AEE presented in the study of Bonomi et al. 59 are applicable to the output of any measurement instrument capable of objectively determining the daily duration of lying, sitting/standing, actively standing, walking, running and cycling.
Physical activity and health promotion
Public health guidelines on physical activity recommend the engagement in 30 min of moderate-intensity physical activity on 5 days of the week to promote and maintain health. 76 In addition, high-intensity activity is suggested in combination with moderate-intensity activity to improve health even further. 3 Other guidelines suggest reaching a certain amount of steps per day to reduce the risk of diseases. 77 However, these rules were developed from assumptions about the effects of regular physical activity rather than about the relationship between a dose of physical activity and physiological responses. The reason for this is the lack of objective and detailed measures on intensity, duration and type of physical activity, and on the related physiological responses. 24, 35 Complementary recommendations target aspects of sedentary time for health promotion. 78, 79 Interventions aimed at decreasing sedentary time and changing a particular pattern of overly sedentary behavior are mainly useful in patient populations prone to physical inactivity, to achieve health benefits and prevent the onset of chronic diseases. 78, 79 Thus, advanced piezoresistive or capacitive accelerometers able to determine the characteristics of individuals' sedentary behavior and of low-intensity activities can be of extreme importance for supporting lifestyle interventions in overweight and obese subjects, as their behavior is predominantly sedentary. 14, 16 Considering the between-individual variability in physiological response to physical activity due to the differences in size of the body carried during movement, it is reasonable to assume that overweight and obese individuals would experience a higher metabolic response than lean ones during the same activity. Thus, in order to increase the effectiveness of lifestyle interventions for health promotion, different doses of physical activity could be recommended to different individuals. In this context activity monitors can Activity monitoring and health AG Bonomi and KR Westerterp play a key role, not only to improve participants' motivation during an activity intervention program, but also to make possible the personalization and contextualization of activity guidelines for lifestyle changes. The key aspect of an activity monitor used to support an activity program for health promotion is that it should offer a reliable assessment of physical activity and energy expenditure so that the user will consistently trust the feedback received from the monitoring tool on his/her own activity level and achievements. Secondly, the user should be able to easily interpret the accurate information received from the activity monitor and respond adequately with a view to reaching a specific target defined in the activity program. In view of these two facets, activity-monitoring technology is moving in the right direction to offer appropriate support for health promotion.
Pedometers are widely accessible, given the relatively low cost, but their accuracy is very poor both for measuring physical activity and predicting energy expenditure in overweight and obese subjects. 26, 34, 35 On the other hand, users can easily interpret pedometer output and understand the action needed to reach a predefined target. The first generation of accelerometers is certainly more accurate at assessing physical activity and energy expenditure than pedometers, as they detect the quantitative aspects of both ambulatory and non-ambulatory activities. However, they are more expensive and can underestimate the metabolic cost of some activities, as the relationship between body movement and energy expenditure is contingent upon activity type. 59, 67 The second generation of accelerometers is extremely accurate at measuring physical activity by determining individuals' activity behavior and estimating energy expenditure according to the types of activities engaged in. However, they are often obtrusive and only a very few have been developed to a level suitable for use in a population of subjects following a lifestyle intervention. The interpretability of accelerometer output is the weakness of these activity monitors. Indeed, users may not understand sufficiently information, such as activity counts and calories burned. A solution to this problem has been proposed and implemented in the Tracmor D activity monitor (Philips New Wellness Solutions, Lifestyle Incubator). Tracmor D (Philips New Wellness Solutions, Lifestyle Incubator) provides visual feedback to the activity monitor user in terms of percentage of activity performed as compared with a specific target established in the intervention program. 66 This would increase the ability of the user to act in response to the indication of an inadequate activity level.
Conclusion
Activity monitors are portable systems able to quantify physical activity by measuring body movement. These tools are effective as motivational devices for individuals following a lifestyle intervention. Pedometers are inexpensive and the information provided to the user is straightforwardly interpretable, but their poor accuracy in overweight and obese subjects may generate counterproductive effects and results in frustration and low compliance with an intervention program. Accelerometers are highly accurate tools for characterizing sedentary time and assessing physical activity and energy expenditure, which is useful for generating personalized activity guidelines for health promotion. However, advanced accelerometers are often obtrusive, expensive and their output is often inadequate for stimulating the actions of uneducated users. One exception is the Tracmor D (Philips New Wellness Solutions, Lifestyle Incubator), which offers easily interpretable feedback for improving individuals' awareness of their activity level as compared with personalized targets designed to achieve health benefits.
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